The metabolism of the causative agent of TB, Mycobacterium tuberculosis (Mtb) has recently re-19 emerged as an attractive drug target. A powerful approach to study Mtb metabolism is to use a 20 systems biology framework, such as a Genome-Scale Metabolic Network (GSMN) that allows the 21 dynamic interactions of the many individual components of metabolism to be interrogated together. 22 Several GSMNs networks have been constructed for Mtb and used to study the complex relationship 23 between Mtb genotype and phenotype. However, their utility is hampered by the existence of 24 multiple models of varying properties and performances. Here we systematically evaluate eight 25 recently published metabolic models of Mtb-H37Rv to facilitate model choice. The best performing 26 2 of 39 models, sMtb2018 and iEK1011, were refined and improved for use in future studies by the TB 27 research community. 28 45 Mtb infection of human macrophages [21,22] thus providing a model more suited to exploring the 46 metabolism of Mtb during human infection. In 2018 the first consolidated genome-scale metabolic 47 48 from the BiGG model database [23,24]. The utility of Mtb GSMNs will continue to increase, as more 49 biological data is published and existing models are updated [25].
Introduction 29
Mycobacterium tuberculosis (Mtb) is the causative bacterium agent of the global tuberculosis (TB) 30 epidemic, which is now the biggest infectious disease killer worldwide, causing 1.6 million deaths in 31 2017 alone [1] . Mtb is an unusual bacterial pathogen, as it is able to cause both acute life threatening 32 disease and a clinically latent infections that can persist for the lifetime of the human host [2, 3] .
33
Metabolic reprogramming in response to the host niche during both the acute and the chronic phase 34 of TB infections is a crucial determinant of virulence [4] [5] [6] [7] . With the worldwide spread of multi-and 35 extensively-resistant strains of Mtb thwarting the control of this global emergency, new drugs against 36 Mtb are urgently needed and metabolism presents an attractive target [8, 9] . 37 Genome-scale constraint-based modelling has proved to be a powerful method to probe the 38 metabolism of Mtb. The first Genome Scale Metabolic Networks (GSMNs) of Mtb were published 39 in 2007 by Beste (GSMN-TB) [10] and Jamshidi (iNJ661) [11] and have been used as a platform for 40 interrogating high throughput 'omics' data, by simulating bacterial growth, generating hypothesis and 41 drug discovery and are also the backbone for subsequent model iterations [12] [13] [14] [15] [16] [17] [18] [19] [20] . In 2014, Rienksma 42 and colleagues developed a genome-scale model of Mtb metabolism (sMtb) building upon three 43 previously published models [15] . More recently Rienksma and colleagues utilized RNA sequence 44 data to provide condition-specific biomass reactions and identify metabolic drug responses during network, iEK1011 was constructed using standardized nomenclature of metabolites and reactions MK 37 20 11 37 37 20 18 20 O2  37  76  64  40  41  68  91  65   113 From this analysis the degree values indicated that GSMN-TB 1.1, iCG760 and iSM810 models 114 have the lowest participation of currency metabolites (Table 2) . Water and protons were the most 115 underrepresented metabolites (low degree values), indicating that these models may not be 116 correctly balanced. It is important that biochemical reactions are charge and mass balanced.
117
Unbalanced reactions in GSMNs may allow proton or ATP production out of nothing [32] . In 118 order to test whether the Mtb GSMNs are mass and charge balanced, we used the COBRA 119 Toolbox function "checkMassChargeBalance" [33] . Unfortunately, we were not able to perform 120 this analysis for GSMN-TB1.1, iCG760 and iSM810 due to the lack of standard metabolite 121 formulas in these models (Table 3 ). iEK1011 has the lowest number of imbalanced reactions (4) 122 compared with sMtb2018 (8), sMtb, (12), iNJ661v_modified (13) and iOSDD890 (78). The 123 majority of the imbalanced reactions belonged to cell wall biosynthetic pathways, including 7 of 39 arabinogalactan, peptidoglycan, and mycolic acid biosynthesis (S5 Table) reflecting the 125 difficulties in rebuilding accurate metabolite formula for complex cell wall components.
126
Another potential error in GSMNs is the molecular weight of biomass, which should be defined as 127 1 g/mmol. Discrepancy in biomass weight can arise as a result of unbalanced reactions which impacts 128 on the reliability of flux predictions using Flux Balance Analysis (FBA). This affect can be amplified 129 when host-pathogen interactions are simulated by integrating host and pathogen metabolic models 130 [34] . Chang and colleagues (2017) developed a systematic algorithm for checking if the biomass 131 molecular weight from GSMNs deviates from 1 g/mmol,. Using this algorithm [34] we found 132 deviations of <10% from 1 g/mmol in all the Mtb models tested (Table 3 ) (iOSDD890 (0.7%), 133 iNJ661v_mod (0.9%), sMtb (1.2%), sMtb2018 (1.2 %) and iEK1011 (9%)) demonstrating that these 134 models are suitable for modelling the metabolism of Mtb within the host.
135
Blocked reactions and dead-end metabolites 136
Identifying blocked reactions within a GSMN is important for identifying metabolic dead zones 137 caused by dead-end metabolites (metabolites that are not consumed) [35] [36] [37] . Using the MC3 138 algorithm [38] , we show that Mtb models derived from GSMN-TB (GSMN-TB1.1, iCG760, and 139 iSM810) have a smaller number of blocked reactions in comparison with the iNJ661 derived models 140 (iNJ661v_modified, and iOSDD890) ( Table 3) . sMtb and sMtb2018 have the lowest percentage (7%) 141 of blocked reactions, in contrast to iOSDD890, which has the highest percentage (25%). All the Mtb 142 genome-scale models included blocked reactions in lipid, cofactor, sugar and amino acid metabolism; 143 iOSDD890, iSM810 and iNJ661v_mod had blockages in important pathways such as glycolysis and 144 redox metabolism (S6 Table) identified the thermodynamically infeasible cycles (TIC) using a local script following methodologies 171 based on FVA and the analysis of the null space of the stoichiometric matrices (S7 Table) [44, 47] .
172
Using this approach we show that models descended from GSMN-TB (GSMN-TB1.1, iCG760, and 173 iSM810) have a lower percentage of unbounded reactions as compared with iNJ661 ancestors 174 (iSM810, iNJ661v_modified) . Interestedly, the sMtb2018 model has an increased number of 175 unbounded reactions as compared to the original sMtb (Table 3) .
176
Fritzemeier and colleagues demonstrated that over 85% of genome-scale models that lack exhaustive 177 manual curation contain Energy Generating Cycles (EGCs) [48, 49] . These cyclic net fluxes are 178 entirely independent of nutrient uptakes (exchange fluxes) and therefore have a substantial effect on 179 the predictions of constraint-based analyses, as they basically generate energy out of nothing. Using 180 FBA with zero nutrient uptake [49] but maximizing energy dissipation reactions for ATP, GTP, CTP 181 and UTP we show that iCG760 is (Table 3) , the only Mtb genome-scale model that contains EGCs.
182

Gene essentiality metrics 183
An effective and commonly employed predictive matrix for GSMNs is the ability to reproduce high 184 throughput gene essentiality data [50] . Several high throughput transposon mutagenesis screens have 185 been performed for Mtb [51] [52] [53] [54] [55] [56] [57] in different in vitro conditions. To compare our models we used a 186 transposon insertion sequence dataset produced by Griffin et al [54] in which genes that were 187 differentially required for growth on cholesterol as compared with glycerol [54] were identified.
188
Cholesterol is an important intracellular source of carbon when Mtb is growing within its host and 189 cholesterol metabolism has been highlighted as a potential drug target [58] . Whilst Griffin and 190 colleagues identified differentially required genes, this data was not used to identify the genes 191 required for growth on cholesterol as an individual condition. We reanalyzed the Griffin's transposon 192 sequencing data with the statistical Bayesian/Gumbel Method incorporated into the software 193 TRANSIT [59] , to identify genes required for growth on glycerol, or growth on cholesterol (S8 and 194 S9 Tables). Only genes categorized as essential (ES) and non-essential (NE) were considered for this 195 analysis. essentiality data [54, 56, 57] by computing the Area Under the Curve (AUC) of the Receiver Operating 198 Characteristic (ROC) (S1 Fig) . The predictive power of the six GSMNs which contain the cholesterol 199 degradation pathway (GSMN-TB1.1, iCG760, iSM810,sMtb, sMtb2018, and iEK1011) showed that 200 for both cholesterol and glycerol minimal media the models derived from GSMN-TB [10] as a core 201 metabolic network have better predictive capacities than those using iNJ661 [11] (S10 and S11 202 Tables). However the recently curated model iEK1011 had the highest predictive capability overall.
203
The supremacy of iEK1011 also was confirmed by comparing the predictive power of the models 204 for Mtb grown in standard Middlebrook 7H9 OADC [56] data (S1C Fig and S12 Table) .
205
We further used the essentiality dataset generated by Minato and colleagues who identified 206 conditionally essential genes on different in vitro medium including a rich medium called "MtbYM", 207 which contains several carbon sources, nitrogen sources, amino acids, nucleotide bases, cofactors, 208 and other nutrients [57] . Although this media supported growth similarly to 7H9 medium, the overall 209 predictive power of the Mtb GSMNs in this medium (S1D Fig amd S13 Table) was 10% lower 210 compared to the other media (S1A-S1C Figs), probably because biomass objective functions of the 211 Mtb GSMNs ancestors were built and validated using growth on 7H9, 7H10, Youman's, CAMR, and 212 Roisin's minimal medium [10, 11] . However these analyses were able to demonstrate the power of 213 ability of these models to accurately predict gene essentiality even under un-anticipated nutritional 214 conditions.
215
We identified the genes that all of the GSMN's were unable to correctly assign essentiality (S14 216 Table, Fig 3) . Using a fixed threshold value of 5% of the maximum wild-type growth rate (WTGR) 217 we identified in silico essential and non-essential genes and using experimental high throughput gene 218 essentiality data identified True Positives (TP), True Negatives (TN), False Positives (FP-a gene 219 which is essential for in silico growth but non-essential by Tn-seq) and False Negatives (FN-in silico 220 the gene is non-essential but the biological data predicts essentiality). FN genes include genes known 221 to have a major role in Mtb central carbon metabolism e.g., icl (Rv0467, isocitrate lyase), gltA 222 (Rv0896, Citrate synthase), glpD2 (Rv3302c, Glycerol-3-phosphate dehydrogenase), pyk (Rv1617 ,  Table) . Some of these genes e.g. icl and gltA are considered conditionally essential genes in the 225 Online GEne Essentiality (OGEE) database [60] , because they are classified as NE genes in 7H10 226 medium but ES in minimal medium [53, 55] . This may reflect the presence of alternative routes in 227 silico that are not feasible in vivo due to regulatory constraints. However, they may also reflect 228 inaccuracies in the predictive abilities of transposon mutagenesis studies. Some of the FP genes are 229 involved in mycolic acid biosynthesis (S14B Table) , e.g., mmaA2 (Rv0644c, Cyclopropane mycolic 230 acid synthase), and mas (Rv2940c, mycocerosic acid synthase). These genes were inaccurately 231 classified as ES in silico but experimentally as NE. This is a direct reflection of our incomplete 232 knowledge of these mycolate producing pathways and the essentiality of the various mycolates 233 produced. 
243
Mtb is able to metabolise several carbon and nitrogen sources both in vitro and when growing in the 246 host [61] [62] [63] [64] , and therefore we evaluated the growth metrics of Mtb GSMNs on 30 sole carbon and 247 17 sole nitrogen sources (Fig 4) . The in silico results were compared with available in vitro 248 experimental data from Biolog Phenotype microarray and minimal media data [14, 65] . Interestingly 249 the recent consolidated models, iEK1011 and sMtb, had the poorest performance of all the models in 250 predicting growth of Mtb in unique carbon and nitrogen sources ( Fig 4A and 4B) . A fundamental 251 issue with the Mtb models descended from iNJ661 is that they all require glycerol for growth as this 252 is present in the biomass formulation. Both iEK1011 and sMtb were unable to grow in silico on 253 cholesterol, acetate, oleate, palmitate and propionate on sole carbon sources. We hypothesise that this Table) . Although iEK1011 also 260 contains a fumarate reductase reaction that is linked to menaquinone/demethylmenaquinone, it does 261 not contain a menoquinone-dependent succinate dehydrogenase (the reverse reaction). As was the succinate dehydrogenase reaction into iEK1011 and sMtb significantly improves the predictive power 284 of these models on sole nitrogen sources (S16I and S16J Tables). Specifically, the correct growth 285 prediction were obtained for Mtb growing on branched chain amino acids (isoleucine and valine) and 286 proline ( Fig 4B) . The possible explaination for these correct prediction is that complete degradation Table 2 , Table 3 , and S1 Fig) and therefore we selected these models 307 to refine further. iEK1011 has the advantage of containing standardized BiGG nomenclature of 308 metabolites and therefore can easily be integrated into the human GSMN Recon3D [76] to simulate 309 intracellular growth, while sMtb2018 has the utility that this model supports in silico growth in a 310 wider variety of different nutritional conditions. Our analysis also highlighted some fundemental 311 issues with these models which we addressed in order to improve the performance of these exempler 312 GSMN's.
313
As already discussed the new sMtb2018 includes an updated respiratory chain including menaquinone 314 and menaquinol as electron carriers in all respiratory chain reactions and selected ubiquinone-315 dependent reactions in sMtb were changed to menaquinone-dependent. Six new menaquinone-316 dependent reactions were included in the sMtb model e.g., succinate dehydrogenase, and cytochrome 317 bc1 menaquinone-dependent, fumarate reductase, and malate dehydrogenase [22] . This improved the 318 predictive growth metric of sMtb and importantly allowed in silico growth on cholesterol (see 319 sMtb2018, Fig 4A) . Similarly, we added to iEK1011 a menaquinone-dependent succinate 320 dehydrogenase to improve the performance of this model when growing in fatty acids and cholesterol.
321
Further improvements were also made to cholesterol metabolism by updating both models to include 322 the biochemical degradation of the C and D rings of cholesterol which was not known when these 323 models were reconstructed (S17A and S17B Tables) [77] . elevated non-synonymous nucleotide substitution rates found on cobalamin-dependent enzymes of 326 3798 Mtb strains suggest positive selection on these genes and a possible functional biosynthetic 327 pathway [41] . Therefore, we facilitated co-factor metabolism in the models by unblocking B12 328 synthesis and including the co-factors biotin and pyridoxal-5-phosphate to enhance the phenotype 329 prediction of sMtb2018 and iEK1011 as recommended by Xavier and colleagues [19] . As iEK1011 330 contains glycerol within its biomass formulation, which prevent in silico growth in glycerol-replete 331 media, we incorporated the iNJ661v_mod biomass objective function into this model (S17B Table) .
332
We also added additional genes into sMtb2018 based on iOSDD890 genes that were classified as true 333 negatives and true positives by the gene essentiality analysis (S18 Table) . Fifty-one reactions that 334 belong to pathways such as glycolysis, gluconeogenesis, TCA cycle, amino acid metabolism and 335 mycolic acid pathway were improved in terms of GPR annotation. All updates for the new models 336 sMtb2.0 and iEK1011_2.0 are summarized in S17 Table. 337 The sMtb2.0 and iEK1011_2.0 models were curated to remove possible reactions that participate in 338 TICs respectively (methods section). (S19 Table) . The stoichiometric matrix associated with these 339 reactions was built and the null space basis vector was computed (S20 Table) [44,47] identifying 340 twelve TICs within sMtb2.0; (Fig 5A , S2 Appendix) and seven TICs in iEK1011_2.0 ( Fig 5B, S3 341 Appendix) ; The major TIC of sMtb2.0 were within the reactions required for folate metabolism 342 catalysed by thymidylate synthase (thyA and thyX) enzymes and dihydrofolate reductase (DFRA) 343 enzymes, which is an essential step for de novo glycine and purine biosynthesis, and for the 344 conversion of deoxyuridine monophosphate (dUMP) to deoxytimidine monophosphate (dTMP). 345 ( Fig 5A) . As recommended by Pereira and colleagues [30] , we modified the model to use Table) . 364 Similar to the above sections, the predictive capability of these modified models was evaluated by 365 simulating gene essentiality predictions using experimental data. In this case, we use the 5% of the 366 specific growth rate as essentiality threshold; if a specific growth rate of no more than 5% of the wild-367 type is obtained, the given gene was considered as essential, otherwise was considered non-essential 368 (S22 Table) . iEK1011_2.0 has the highest predictive performance of gene essentiality in the four 369 media conditions tested (glycerol and cholesterol minimal medium, Middlebrook 7H9, and YM and Glycerol minimal medium, and 13 % higher in 7H9 medium, Table 4 ).
372
The ability of these models to predict growth sole carbon and nitrogen sources is also better in the 373 updated GSMN's as compared with their predecessors. These results show that iEK1011_2.0 and 374 sMtb2.0 are currently the most suitable models for studying host-pathogen interactions, as they are 375 able to correctly predict growth on several important carbon sources that Mtb uses intracellularly [62].
376
By systematically evaluating eight of the recent Mtb GSMNs, we have identified a number of areas 377 in which model veracity can be improved. Mtb models descended from GSMN-TB (GSMN-TB1.1, 378 iSM810 and iCG760) contain many reactions that are unbalanced by charge and mass, often because 379 protons and water have not been accounted for. We observed that all of the Mtb models have dead-380 end metabolites particularly in cofactor metabolism and related pathways. The best performing 381 models were identified as sMtb2018 and iEK1011 by virtue of higher gene coverage, fewer blocked 382 reactions, better mass and charge balances, and overall best predictive power of gene essentiality data.
383
Whilst our analysis identified that iEK1011 and sMtb2018 were the overall best performing GSMN's 384 we also highlighted areas for improvements. For example the iEK1011 model had poor predictive 385 power for growth on sole carbon and nitrogen sources and unlike Mtb cannot grow when cholesterol 386 and fatty acids are provided as sole carbon sources. We thus updated these two models by the addition 387 of new reactions, gap filling of cofactor metabolism, and the identification and curation of TICs, to 388 give sMtb2.0 (derived for sMtb2018) and iEK1011_2.0 (derived from iEK1011).
389
The improved GSMN's, sMtb2.0 and iEK1011_2.0 are now available (S1 File) to simulate and 390 predict the metabolic adaptation of Mtb (by the integration of OMICS data) in a plethora of in vitro 391 and in vivo intracellular conditions. We encourage researchers to continue to curate these models as Cytoscape 3.4 [79] . Two main topological parameters were evaluated for each model: 1) the node 416 degree of each metaboliteand 2) the clustering coefficient (S4 Table) . 
426
Identification of Unbounded Reactions (URs) 427
A straightforward way to identify all reactions that participate in one or more TICs is by performing 
441
Checking the existence of Energy Generating Cycles (EGCs).
of 39
Energy generating cycles (EGCs) exist in metabolic networks and can charge energy metabolites like 443 ATP, GTP, CDP, and UTP without any input of nutrients; therefore, their elimination is essential for 444 correcting energy metabolism [49, 82] . Fritzemeier and colleagues developed a methodology for 445 identifying if genome-scale models contain EGCs [49] . We applied it in two steps : 1) Addition of If a reaction specified to be reversible in the set of TICs and it has its maximum ∆ calculated to 479 be negative, the reaction is considered to occur in the forward direction. In contrast, if the minimum 480 ∆ is positive, the reaction is considered to occur in the reverse direction. No direction can be 481 inferred when the minimum ∆ is negative and the maximum is positive. Changes in directionality 482 of reactions were done strictly when gene essentiality predictions in the curated genome-scale model 483 were not compromised.
484
Gene Essentiality Analysis. 485
To identify essential genes of Mtb grown on individual conditions (cholesterol minimal medium and 486 glycerol minimal medium) from Griffin's paper [54] , we use the Bayesian/Gumbel method of 487 TRANSIT, version 2.02 [59] . The Bayesian/Gumbel method determines posterior probability of the 488 essentiality of each gene (zbar). When zbar value is 1, or close to 1, the gene is considered essential 489 (ES), if zbar is 0, or close to 0, the gene is considered non-essential (NE), uncertain (U) genes are 490 those with zbar values between 0 and 1, and for too small (S) genes zbar is -1. After loading the TA 491 count files (replicates for cholesterol and glycerol) and the gene annotation file into TRANSIT, and 492 running the Gumbel method with default parameters, we obtained an output file with essentiality 493 results (Table S9 and S10). Uncertain (U) and too small (S) genes were not taken into account for the 494 in silico essentiality analysis. Minato and colleagues used the same statistical method for classify 495 essential genes [57] . Conversely, DeJesus and colleagues [56] used a Hidden Markov Model based 496 statistical method for classifying genes into four essentiality states: essential (ES), growth defect 497 (GD), nonessential (NE), and growth advantage (GA). In order to evaluate the performance of the 498 Mtb GSMNs to predict gene essentiality data, we use only binary classifiers, therefore we reclassify 499 these genes just in two groups as follows: NE genes included NE and GA genes, and ES genes 500 included GD and ES genes.
501
For the in silico gene essentiality analysis, we set the simulation conditions (asparagine, phosphate, 502 sodium, ammonium, citrate, sulfate, zinc, calcium, chloride, Fe3+, Fe2+, and glycerol or cholesterol) 503 according to Griffin minimal medium [54] , 7H9 OADC medium, and "MtbYM" medium and a FBA-504 based gene essentiality analysis was performed in the eight Mtb models using the "single gene 26 of 39 deletion" function of Cobra Toolbox. Default maximization of biomass objective function was used 506 to predict growth in all models. If a specific growth rate of no more than 5% of the wild-type is 507 obtained, the given gene was considered as essential (in silico), otherwise was considered non-508 essential.
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